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ABSTRACT
This research examines the relationship between surface kinetic temperature
(SKT), land cover, and the Normalized Difference Vegetation Index (NDVI) for
a small city in the Midwestern United States. Color aerial photography was
examined to create high resolution maps of land cover for 377 random quadrats. Average NDVI for each quadrat was determined from hyperspectral aerial
imagery, whereas the average SKT of each quadrat was calculated from ASTER
Data Product 8. Initial experiments using square sampling quadrats with areas
ranging from 0.01 to 1.44 hectares demonstrate that the highest correlation
exists between land cover and the ASTER SKT data with 1.1 hectare quadrats.
Several regression analyses at this quadrat scale demonstrate that different land
cover types either mitigate or compound the urban heat island SKT problem.
In particular, increasing amounts of non-porous surfaces such as roofing and
paving contribute more to higher urban SKT than increasing vegetation does
to lowering urban SKT. Even though it was not originally meant as a measure of
urban vegetation, NDVI explained almost as much variance in the SKT data as
regression models employing different land cover percentages.
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INTRODUCTION
The United Nations estimates that almost 51% of the world’s population will be living in urban areas by 2010. This percentage is projected to increase to almost 60%
by 2030, and most of this migration will occur in less developed regions (United Nations, 2005). While urban populations continue to grow, it is reasonable to assume
that the importance of urban areas as human habitat and the physical and social
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processes contained therein will also continue to grow. Indeed, as the conditions
of urban areas will impact over half of all people, our ability to map, monitor, and
sometimes influence urban processes will be very important (Small, 2006). Urbanization, the complex interaction of various processes that transforms landscapes
(Doygun et al., 2008), is one of the results of population increase and the migration
of people from rural to urban areas (Guzy et al., 2008; Katpatal et al., 2008). Urbanization is one of the most dramatic forms of land cover transformation (Luck and
Wu, 2002), and there is sufficient evidence that urban areas have created enormous
impacts on the environment at many geographical scales (He et al., 2008).
As urban areas expand, natural landscapes and open spaces are typically altered to include an anthropogenic landscape of buildings, roads, and other structures (Katpatal et al., 2008). One concern regarding this alteration is its effect on
urban temperature. Impervious surfaces can raise urban air temperatures several
degrees as compared to adjacent rural landscapes (He et al., 2007). This phenomenon is often referred to as the urban heat island. Urban heat islands represent
human-induced urban/rural contrasts principally caused by the replacement of
vegetated areas with non-evaporating and impervious materials such as concrete
and asphalt (Pu et al., 2006). Such land cover replacement fundamentally changes
the physical characteristics of the earth’s surface, including albedo, heat conductivity, and thermal capacity (Pu et al., 2006). In general, urban areas exhibit higher
solar radiation absorption and a greater capacity to store heat. This heat is typically
stored during the day and released at night (Weng and Yang, 2004). Small (2002)
found that changes in urban reflectance have a strong influence on energy flux in
the urban environment. In addition, Stathopoulou et al. (2007) found that urban
materials with high albedo and thermal emittance values attain lower surface temperatures when exposed to solar radiation, which in turn reduces the transference
of heat to the air.

Hypothesis and Significance
As detailed by Hart and Sailor (2009), urban heat islands can have thermal comfort consequences and impact human health. Therefore, our ability to measure
the impact of specific land cover on the urban heat island effect is important for
those charged with mediating urban temperature and those concerned with creating more “livable” urban areas. To this end, we examined the relationship between
detailed urban land cover data derived from Digital Ortho-Photo Quarter Quadrangles (DOQQs), Normalized Difference Vegetation Index (NDVI) calculated
from hyperspectral imagery, and urban surface kinetic temperature (SKT) derived
from satellite remote sensing data.
This research was based on two facts: (1) urban land cover contributes to
urban SKT and (2) urban SKT can be accurately measured using satellite remote
sensing techniques. It expands on previously published research that examined the
specific role of vegetation in urban temperature (Weng et al., 2004; Hardin and
Jensen, 2007). This study highlights the amount of SKT variation that can be exThe Journal of Terrestrial Observation | Volume 2 Number 2 (Spring 2010)
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plained by changing percentages of various urban land cover types and type combinations. The explanatory power of NDVI calculated using hyperspectral imagery is also examined. This research began with the hypothesis that land cover and
its derivative measures (e.g., land cover ratios and NDVI) will account for much
of the variation in remotely estimated urban SKT. This hypothesis led to three research objectives:
1. To determine the amount of variation in urban SKT explainable by
specific land cover types.
2. To determine whether simple combinations (i.e., sum and ratios)
of different land cover types explain more variation in urban SKT
than simple percentages alone.
3. To determine the relationship between NDVI calculated from hyperspectral data and urban SKT.

Remote Sensing of the Urban Heat Island
Remote sensing data and techniques have proven to be reliable and accurate sources
of information in urban areas, and many studies have used remote sensing data and
techniques to study urban environments. Most urban remote sensing has been done
using relatively coarse spectral resolution multispectral remote sensing data, such
as, Landsat Thematic Mapper (Gatrell and Jensen, 2002), Landsat Thematic Mapper+ (Lu and Weng, 2004; Katpatal et al., 2008), Advanced Spaceborne Thermal
Emission Radiometer (ASTER; Jensen et al., 2003; LaFary et al., 2008), and relatively
fine spatial scale IKONOS and Quickbird satellite data (Doygun et al., 2008). Other
studies have used hyperspectral data to study the urban environment (Jensen et al.,
2009). Specifically, many urban heat island studies have been conducted using remote sensing data. Lo et al. (1997) found a strong relationship between the amount
of vegetation present and irradiance recorded by the Advanced Thermal and Land
Applications Sensor (ATLAS) in an urban area. This same concept was reinforced
by Quattrochi and Ridd (1998), who found that vegetation—especially trees—have
a significant mitigating effect on thermal radiation. Conversely, Stathopoulou et al.
(2007) established that a negative Urban Heat Island (UHI) effect (i.e., urban land
is cooler than adjacent rural land) could occur during the daytime because of the
differing heating properties of each surface. This underscores the value of measuring precise land cover amounts when studying the UHI. The negative UHI effect
was also noted by Xian and Crane (2006), who examined the UHI in both Tampa,
Florida, and Las Vegas, Nevada, using Landsat data. They found that urban Las
Vegas exhibits a cooling effect whereas Tampa Bay exhibits a more typical urban
heating effect. However, in both cities, areas with higher percentages of impervious
surfaces were usually associated with higher temperatures.
Remotely derived vegetation variables such as NDVI are frequently highly
correlated with urban temperature (Chen et al., 2006; Yuan and Bauer, 2007).
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Chen et al. (2006) also found correlations between urban temperature and other
indices, including the Normalized Difference Water Index (NDWI), Normalized
Difference Bareness Index (NDBaI), and Normalized Difference Build-up Index
(NDBI). Weng et al. (2004) generated fractional vegetation data from a Landsat 7
ETM+ image covering Indianapolis, Indiana. They found a stronger relationship
between land surface temperature and unmixed vegetation fraction than existed
between land surface temperature and NDVI.
Other studies have examined the specific impact of vegetation variables on
urban temperature. Hardin and Jensen (2007) found that a biophysical measure,
Leaf Area Index, accounts for much of the variation in urban surface kinetic temperature. This supports the findings of Weng and Yang (2004), i.e., while urban
expansion increases urban temperature, those increases can be mitigated by strategically planting vegetation. Chen et al. (2006) observed that rapidly urbanized areas
are more prone to the increases in temperature than areas of slow development.
This may be the result of the initial vegetation clearing and subsequent planting
of immature grass, shrubs, and trees. Kottmeier et al. (2007) examined the urban
microclimate and the role impervious and vegetated surfaces have in contributing
to surface temperature. They concluded that the cooling effect from shading (coming primarily from trees, high-growth vegetation, and buildings) may outweigh the
heating effect of rooftops. Katpatal et al. (2008) found a strong relationship between
a Landsat TM derived land cover dataset and urban meteorological data. They also
suggested that remote sensing data can be used to accurately depict the relationship between land use/cover and urban temperature. Peña (2007) used Landsat
Enhanced Thematic Mapper Plus (ETM+) to investigate the correlation of urban
surface temperature and urban land cover to explain the formation of an urban
“heat sink” in Santiago City, Chile. Xiao et al., (2007) found that the arrangement
of impervious surfaces was highly correlated with land surface temperature in Beijing, China. Finally, Liu and Weng (2009) examined the relationship between urban
temperature and land surface patterns at multiple spatial scales in Indianapolis,
Indiana. They found that 90 meters was the ideal spatial scale to investigate the
covariation between land cover and land surface temperature.

Methods
Study Area
Terre Haute, Indiana, is the government seat of Vigo County. Terre Haute is located in west-central Indiana along the Wabash River and has a population of
59,614 (United States Census, 2000). Terre Haute is typical of urban areas with a
heterogeneous landscape consisting of impervious surfaces (e.g., asphalt, concrete,
shingles, etc.), vegetation, bare soil, and other surfaces (Figure 1). The city of Terre
Haute represents an interesting case study for medium-sized cities because it is set
amidst a larger landscape of agricultural fields and deciduous hardwood forests.
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There is very little urban development between Terre Haute and larger cities in the
region (Hardin and Jensen, 2007).

Land Cover Data
Land cover data were acquired from leaf-on digital orthophotos produced by the
United States Geological Survey. The true-color orthophoto imagery data were
acquired during summer 2003, and they had a spatial resolution of 1 meter. Land
cover classes were determined in 377 random locations using on-screen digitizing
techniques. The following land cover classes were manually identified and digitized
from the orthophotos: water, grass, rural pasture or crops (no bare soil), trees and
shrubs, bare soil, mostly bare soil (some rural vegetation), mostly rural vegetation
(some bare soil), light paving, dark paving, light roof, and dark roof. These eleven
land cover classes were inclusive of all the land cover types present in Terre Haute.
Each of the 377 locations was identified by a centerpoint latitude and longitude.
Squares of increasing size were constructed around each centerpoint by expanding
side length from 10 to 120 meters in 10 meter intervals. The result of this process
was 12 sets of 377 random sample quadrats. By digitizing these quadrats, overlaying
them on the orthophotos, and adding a digitized 10 meter sampling grid, the land
cover within each quadrat was identified, recorded, and statistically summarized.
The purpose of varying the quadrat size in regular increments was to determine
the optimum spatial resolution for comparing land cover data to the ASTER SKT
data product described below. The optimum-sized quadrat was used in more detailed analyses.
Land cover was examined using all of the land cover classes above and in
broader aggregated classes to determine the best spatial resolution for the rest of
the analysis. Finally, ratios of land cover data were also computed to determine
what kinds of information land cover ratios may have with surface kinetic temperature.

Remote Sensing Temperature Data
Thermal infrared data acquired from the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) were used to calculate SKT. The ASTER
remote sensing device operates on the TERRA Satellite and measures reflected energy in two portions of the electromagnetic spectrum—visual near infrared (VNIR;
4 bands; 15 meters) and shortwave infrared (SWIR; 6 bands; 30 meters). It also
measures emitted thermal infrared information (TIR; 5 bands; 90 meters). The
surface kinetic temperature (SKT) data product is derived from these five thermal
bands. According to Gillespie et al. (1999), each of ASTER’s thermal bands has a
radiometric accuracy of 1 K and precision of < 0.3 K. The SKT product (ASTER
Data Product 8) estimates both surface temperature and emissivity for every pixel
within an ASTER scene (Hardin and Jensen, 2007). In a comparative study with
three separate thermal infrared sensors, Pu et al. (2006) found SKT data derived
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from the ASTER sensor to be very reliable. The data for our study were downloaded
from the EROS Data Center. The ASTER data used for this study were acquired on
2 July 2001 at 1100 local time and had a spatial resolution of 90 meters.

Hyperspectral Remote Sensing Data
Data acquired from an AISA+ hyperspectral imaging system manufactured by
Specim (Oulu, Finland) were used for this project. The AISA+ sensor is capable
of collecting up to 244 spectral channels within a spectral range of 400 to 970 nm.
The full spectral mode is useful for acquiring 244 band spectral signatures of specific targets that can in turn be used to generate pure endmembers for analysis or
inform band selection.
Data used in this project were acquired over the Terre Haute urban area during
summer 2006 (24 July 2006) in a single-engine Cessna. The dataset was acquired at
1500 meters above ground level with a swath width of 1100 meters. The sensor scan
rate was set to generate 2.1 meter square pixels. The flight lines were designed to
facilitate the reference line correction approach as Terre Haute has a gridded road
network based on the cardinal directions.
The hyperspectral data were converted to NDVI using the narrow band formula (Jensen, 2005):

NDVI =

860nm − 660nm
860nm + 660nm

Reflectance values from a red channel centered on 660 nm and a near infrared channel centered on 860 nm are typically used to calculate NDVI with hyperspectral data (Jensen, 2005). NDVI was used in the analysis primarily because
€
other researchers
found that vegetation indices were correlated with urban temperatures (Chen et al., 2006; Yuan and Bauer, 2007). For this study, the spectral
values were averaged throughout the quadrat around each point, and then input
into the above equation. This value was then used as the independent variable in
a regression analysis.

Statistical Analysis
After the land cover data were digitized at the various spatial intervals, percentages
of land cover were regressed with SKT to determine the optimum spatial resolution for further analysis. Pearson’s correlation was the principal metric used in this
determination. Analysis was then completed using simple linear regression with
surface kinetic temperature as the dependent variable and percentage of land cover
types as the independent variables. Then, all possible ratios of land cover data (e.g.,
Trees and Shrubs / Dark Roofing) were computed to determine what ratios explain
the most variation in SKT. As noted above, Ratios were calculated to determine
if more information about SKT could be derived from land cover ratios. Finally,
NDVI calculated from the AISA+ hyperspectral data were regressed against SKT
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to determine if these values explain more of the variation in SKT than the other
land cover information.

Data Limitations
Data used in this project spanned about five years (ASTER SKT data acquired in
summer 2001 to AISA+ hyperspectral data acquired in summer 2006). This span
may have impacted results from this study. However, we feel that any impact will
be minimal because Terre Haute had relatively little industrial or other development between the dates.

Results and Discussion
Surface Kinetic Temperature descriptive statistics
The SKT data measured among all the quadrats had mean and median values of
30.8oC and 30.9oC, respectively, with a standard deviation of 4.5oC. The minimum
temperature value was 18.3oC and the maximum value was 41.2oC. The lowest temperature value was measured along the edge of a heavily wooded suburban area in
east Terre Haute. Using percentages measured at the 110 meter quadrat size, this
point contained 18% grass, 76% trees, and 6% light pavement. The hottest SKT
was found in Terre Haute’s central business district. This corresponding quadrat
contained just 2% grass and 2% trees with the rest of the area being impervious
surfaces (54% light paving, 10% dark paving, 16% light roof, 15% dark roof). These
temperature values and land cover percentages are consistent with what is expected
at the two temperature extremes—namely, that areas with higher percentages of
vegetation will have cooler temperatures while those with higher percentages of
non-vegetative surfaces will have warmer temperatures. Of course, the vast majority of the 377 points measured had more moderate temperatures than these two
extremes. Figure 2 shows a histogram of the temperature data.

Optimum spatial resolution
Each of the land cover types was analyzed to determine its relationship with urban
temperature. Table 1 lists the Pearson’s correlation values of each land cover type and
each quadrat size about the points. As described above, all of the land cover types
were then grouped into the following aggregate land cover classes—lawn, trees/
shrubs, paving/roofing (Table 2)—to examine their r-values using regression. The
quadrat size of 110 meters was found to account for the most variation in urban
temperature in the context of vegetation. Based on these results, the quadrat size
of 110 meters was selected to more completely examine the relationship between
land cover and urban surface temperature within the study area. The 110 meter
quadrat size probably produces the largest correlation coefficient because it is very
similar to the spatial resolution of the ASTER thermal infrared data (90 meters).
The Journal of Terrestrial Observation | Volume 2 Number 2 (Spring 2010)

A Case Study In Terre Haute, Indiana

|

53

This spatial value is very similar to the spatial scale suggested by Liu and Weng
(2009) of 90 meters.
Perhaps one of the more interesting results from this study is that in the aggregate paving and roofing are more highly correlated with urban temperature
than the vegetation land cover types (r = 0.58 and -0.49, respectively)1. This may
indicate that non-porous (and heat retaining) surfaces such as shingles, asphalt,
and concrete affect urban temperature more negatively (increase temperature) than
vegetation affects temperature positively (decreases temperature).

Land cover class contributions
As values in Table 1 demonstrate, trees and shrubs, water, and mostly rural vegetation all had a negative relationship with temperature. This is further demonstrated
in Figure 3, i.e., as the percentage of trees and shrubs increases, temperature generally decreases. In fact, trees and shrubs had the strongest negative relationship with
surface temperature among the pervious surface land cover types (r = -.48). This
negative relationship shows a cooling effect that may be attributed to the fact that in
addition to evapotranspiration, trees and shrubs cast shadows which, combined
with evapotranspiration, provide a cooling effect unmatched by any other land
cover (Kottmeier et al., 2007).
Paving and roofing had a positive relationship with urban surface kinetic
temperature. Dark paving had the strongest positive relationship with SKT (r =
0.40). Figure 4 shows the scatterplot of the percentage of dark roof and SKT. In addition, lawn grass had a very slight positive relationship with temperature. However, lawn grass had much weaker r-values relative to trees and shrubs. This may
be the result of grasses usually being adjacent to roads, driveways, houses, etc. This
result underscores the importance of the urban forest as a cooling mechanism that
grasses do not provide.
The actual color (dark or light) of the roofing was consistent with expectations. First, lighter colored roofing accounted for much of the variation in SKT.
Second, they had a moderate direct (rather than inverse) relationship with SKT.
The correlation coefficient values for light roof and dark roof were 0.36 and 0.40,
respectively. Light and dark pavement did not behave the same way. While light
pavement had a moderate relationship with SKT (r = 0.47), the relationship between dark pavement and SKT was not statistically significant. This inconsistency
may simply reflect the observation that Terre Haute is dominated by light concrete
parking lots and streets.
After the simple percentages were investigated, all possible two-variable ratios (of percentages) were computed and regressed against SKT to determine their
strength in explaining SKT. These are shown in Table 3. Generally speaking, the
ratios that included dark paving and dark roofing accounted for more variation
than those with light roofing and light paving. In addition, the ratios that had the
strongest relationship with SKT were the ratios where tree and shrub cover was the
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ratio numerator and a nonporous surface the denominator. Those ratios with the
strongest relationship to SKT included (tree and shrub ÷ by dark roof), (tree and
shrub ÷ light roof), and (tree and shrub ÷ dark pavement). These ratios produced
correlation values of -0.62, -0.60, and -0.55, respectively. We note that each correlation coefficient is negative. This implies that as the relative amount of vegetation
to impervious surface increases, the temperature decreases. This relationship is
consistent with observations made by Lo et al. (1997), Quattrochi and Ridd (1998),
and Hardin and Jensen (2007).
Because the highest r values were found when the percentages of trees and
shrubs were in the numerator and an impervious surface—especially the roofing
classes—were found in the denominator, trees and shrubs were further investigated to see if various additions of other land cover types would contribute more
explanation of urban SKT. As seen in Table 4, the combination of many of the land
cover class percentages account for some of the variation in urban temperature.
For example, when both of the dark impervious classes (DarkPave and DarkRoof)
were included in the denominator the maximum r values were calculated. Similarly, the addition of both roofing percentages (LightRoof and DarkRoof) had high
values. However, overall these additional ratios added very little to the explanation
of urban SKT.

Normalized Difference Vegetation Index (NDVI)
NDVI calculated using the hyperspectral data accounted for more of the variation
in SKT than did any single land cover class (r = 0.61). In fact, this r value is just
slightly less than the r values obtained by using all of the land cover percentages as
the independent variables and SKT as the dependent variable (r = 0.65). This may
indicate that the best option for estimating and predicting the role of land cover
in SKT can be effectively modeled using NDVI. Figure 5 shows the scatter plot of
the 377 random NDVI and urban surface kinetic temperature. This figure shows
the general inverse relationship between NDVI and SKT; as NDVI increases, SKT
generally decreases. This result is similar to the results of Chen et al. (2006).
The strong relationship of NDVI as a predictor of urban temperature (compared to the precise landcover percentages) was somewhat perplexing. When the
research began, we expected the opposite to be true simply because we thought
that the relationship between land cover and urban heating would have a stronger
physical basis than the relationship between NDVI and SKT. We felt this way because the individual components of land cover have a large role in the calculation
of NDVI values. As a possible explanation, perhaps NDVI was a strong predictor
because it measures not just tree and shrub presence, but also serves as an indicator of canopy depth. An example illustrates this. Assume two different patches of
urban forest both ten hectares in size that completely cover the ground. One patch
contains a thick canopy with a leaf area index value of 4.0 whereas the other contains a much thinner canopy having an LAI value of 1.0. The thicker canopy urban
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forest area would probably result in a lower SKT value than the thinner canopy area.
Even so, these two disparate canopies would both record 100% canopy coverage in
the orthophoto inventory. Perhaps the point is that canopy coverage matters, but
canopy thickness matters more. This result is similar to the results of Hardin and
Jensen (2007); they found a rather strong inverse relationship between urban leaf
area index and urban SKT—as LAI increased, SKT decreased.

Summary and Conclusions
This study used high-spatial resolution orthophotography, airborne hyperspectral
imagery, and satellite-derived SKT data to investigate urban temperature. While
results from this study are probably unique to both the study area and the methods
used, they nonetheless lead to the following specific conclusions generated from
the study’s three objectives:
• Different land cover type percentages account for a significant
amount of variation in urban SKT, but there is a considerable
amount of variance that remains unexplained by such percentages. Urban forest canopy thickness may be one factor that contributes to high variance in SKT.
• Impervious surface percentages are positively correlated with urban SKT. There is also a difference in SKT related to the relative
amounts of light and dark surfaces.
• Tree and shrub surfaces have a negative statistical relationship with
urban SKT. The relationship between lawn grass percentages and
SKT is either statistically insignificant or slightly positive.
• NDVI calculated using hyperspectral data is strongly correlated
with SKT, and may be a better predictor of SKT than the use of
percentages alone because it provides and indicator of both (1)
vegetation presence and (2) canopy depth.
Results from this study indicate that urban land cover percentages in general
(and impervious surfaces and vegetation in particular) account for a significant
share of the variation in urban SKT. However, there is much in the SKT variability
not accounted for by simple land cover percentages and percentage ratios. In this
study, the five-year range of datasets may be playing a role in this. The NDVI results
indicate vegetation thickness or canopy depth as one of those determinants. The
remaining controls of variance in SKT still need to be discovered and enumerated.
For example, is the patchiness of land cover another determinant of urban SKT as
measured from satellites? This concept has been addressed in the literature (Small,
2006; Pu et al., 2006; Liu and Weng, 2009), and might be investigated through the
computation of landscape metrics using detailed land cover information such as
that gathered in this research.
Regardless of the determinants enumerated, the spatial resolution of the
data used will constrain the conclusions that can be drawn in any study of SKT.
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Of all the variables measured, SKT will likely remain the variable most expensive
to capture over large urban areas at high resolution. With a pixel resolution of 90
meters, the spatial scale of the ASTER SKT data product in turn limits the spatial
scale of a corresponding urban study to “neighborhoods” no smaller than one hectare. Significant determinants of urban SKT acting at smaller scales may be lost in
analytical noise. This is true even when very high spatial resolution data are used
to derive the land cover data itself.

Notes
1. With a sample size of 377, any Pearson’s r value exceeding 0.25 is significant at
a 0.01 level (two-tailed).
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each point. Note that the 110 meter buffer was used for further analysis in this paper.

Table 1. R values for each spatial iteration and each land cover type (10-120 meters) around
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Table 2. R values for the aggregated land cover types for each spatial iteration

(10-120 meters) around each point. Note that the 110 meter buffer was used for
further analysis in this paper.
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 Table 3. R values for all possible two variable ratios. The highest values were


found when TreeShrub and DarkRoof were the ratio.
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Table 4. R values of all possible ratios of trees and shrubs with the other land

cover variables. The highest values were found where the denominator contained
different roof values.
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Figure 1. This figure shows a portion of the Terre Haute study area. Note the

diverse assemblage of urban land cover types in the area.
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Figure 2. This figure shows a histogram of the temperature data including de-

scriptive statistics in the 377 points throughout the study area.

Figure 3. This scatterplot and regression line demonstrate the relationship between SKT and the percentage of trees and shrubs in the 377 points throughout
the study area.
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Figure 4. This scatterplot and regression line demonstrate the relationship

between SKT and the percentage of dark roof in the 377 points throughout the
study area.

Figure 5. This scatterplot and regression line demonstrate the relationship be-

tween SKT and NDVI calculated from the AISA+ hyperspectral data in the 377
points throughout the study area.
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